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1
SYSTEM AND METHOD FOR GENERATING
SYNTHETIC TRAINING DATA

TECHNICAL FIELD

The subject matter described herein relates, in general, to
systems and methods for generating synthetic training data.

BACKGROUND

The background description provided is to present the
context of the disclosure generally. Work of the inventor, to
the extent it may be described in this background section,
and aspects of the description that may not otherwise qualify
as prior art at the time of filing, are neither expressly nor
impliedly admitted as prior art against the present technol-
ogy.

Some machine learning algorithms build a mathematical
model based on sample data, commonly referred to as
training data, to make predictions or decisions without being
explicitly programmed to do so. Essentially, the machine
learning algorithm receives training data and based on the
output of the machine learning algorithm, will have one or
more weights of the machine learning algorithm adjusted.

One form of training a machine learning algorithm
involves supervised training. Supervised training involves
the use of annotated training data. Annotated training data is
training data that includes the data to be processed, as well
as an annotation regarding the correct prediction or decision
that should be reached by the machine learning algorithm
being trained. For example, if the machine learning algo-
rithm is being trained to determine if an image is that of
either a cat or a dog, the training data would include images
of cats and dogs, as well as an annotation indicating if the
image is actually of a cat or dog. During supervised training,
the images would be provided to the machine learning
algorithm and based on the output of the machine learning
algorithm and the annotation data, the one or more weights
of the machine learning algorithm will be adjusted. Over
time, the machine learning algorithm will be adjusted such
that it can accurately determine or predict whether an image
contains a dog or a cat.

One drawback of training a machine learning algorithm in
a supervised training fashion is that the training data must
include annotations. Annotating training data is generally
performed manually, by a human operator. As such, in the
example given above, the human operator must review each
image, determine if the image is that of a cat or dog, and then
annotate the image with the correct answer.

This difficulty in annotating data to generate sets of
raining data is compounded in more complex applications,
such as in the training of machine learning-based object
detection algorithms currently being developed for the use in
vehicles. Moreover, machine learning-based object detec-
tion algorithms require a significant amount of training data
to properly train the object detection algorithm to recognize
a plethora of different objects that may surround a vehicle.

SUMMARY

This section generally summarizes the disclosure and is
not a comprehensive explanation of its full scope or all its
features.

In one embodiment a system for generating synthetic
training data may include one or more processors and a
memory in communication with the one or more processors.
The memory may include a receiving module, a duplication

10

15

20

25

30

35

40

45

50

55

60

65

2

module, and an insertion module. The receiving module may
have instructions that, when executed by the one or more
processors, cause the one or more processors to receive
original training data. The original training data may be in
the form of a three-dimensional point cloud and having one
or more original objects formed by at least a portion of the
three-dimensional point cloud. The one or more original
objects may be annotated with original annotation data.

The duplication module may have instructions that, when
executed by the one or more processors, cause the one or
more processors to duplicate one of the one or more original
objects to generate a synthetic object. The synthetic object
may be formed of duplicate portions of the three-dimen-
sional point cloud that formed the one of the one or more
original objects and be annotated with synthetic annotated
data. The synthetic annotated data may be a duplication of
the original annotation data of the one or more original
objects.

The insertion module may include instructions that, when
executed by the one or more processors, cause the one or
more processors to insert the synthetic object within the
original training data to generate the synthetic training data.

In another embodiment, a method for generating synthetic
training data may include the steps of receiving original
training data being in the form of a three-dimensional point
cloud and having one or more original objects formed by at
least a portion of the three-dimensional point cloud and
being annotated with original annotation data, duplicating
one of the one or more original objects to generate a
synthetic object being formed of duplicate portions of the
three-dimensional point cloud that formed the one of the one
or more original objects and being annotated with synthetic
annotated data, and inserting the synthetic object within the
original training data to generate the synthetic training data.

In yet another embodiment, a non-transitory computer-
readable medium storing instructions for generating syn-
thetic training data that, when executed by one or more
processors, cause the one or more processors to receive
original training data being in the form of the three-dimen-
sional point cloud and having one or more original objects
formed by at least a portion of the three-dimensional point
cloud and being annotated with original annotation data,
duplicate one of the one or more original objects to generate
a synthetic object being formed of duplicate portions of the
three-dimensional point cloud that formed the one of the one
or more original objects and being annotated with synthetic
annotated data, and insert the synthetic object within the
original training data to generate the synthetic training data.

Further areas of applicability and various methods of
enhancing the disclosed technology will become apparent
from the description provided. The description and specific
examples in this summary are intended for illustration only
and are not intended to limit the scope of the present
disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings, which are incorporated in
and constitute a part of the specification, illustrate various
systems, methods, and other embodiments of the disclosure.
It will be appreciated that the illustrated element boundaries
(e.g., boxes, groups of boxes, or other shapes) in the figures
represent one embodiment of the boundaries. In some
embodiments, one element may be designed as multiple
elements or multiple elements may be designed as one
element. In some embodiments, an element shown as an
internal component of another element may be implemented
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as an external component and vice versa. Furthermore,
elements may not be drawn to scale.

FIG. 1 illustrates a vehicle incorporating a synthetic
training data generation system;

FIG. 2 illustrates a more detailed view of the synthetic
training data generation system;

FIG. 3 illustrates an example of a street scene that
includes a plurality of different objects and have been
annotated with annotation data in the form of a bounding
box and object type associated with each bounding box for
each object;

FIG. 4 illustrates a bird’s eye view of the street scene of
FIG. 3 that shows the training data that includes the plurality
of different objects and the annotation data;

FIG. 5 illustrates one example of a bird’s eye view of
point cloud data training data that includes two objects that
have been annotated with original annotation data;

FIGS. 6A, 6B, and 6C illustrate an original object that has
been annotated with original information and two types of
synthetic objects that have been annotated with synthetic
information, respectively;

FIG. 7 illustrates a bird’s eye view of training data that has
two synthetic objects inserted into the training data; and

FIG. 8 illustrates a method for generating synthetic train-
ing data.

DETAILED DESCRIPTION

Described is a system and method for generating synthetic
training data. As stated in the background section, super-
vised training of a machine learning algorithm requires the
use of training data that is paired with annotated data. The
annotated data contains the information that the machine
learning algorithm is being trained to accurately predict.
However, the annotation of the training data is a time-
consuming and tedious process, greatly limiting the amount
of training data available for training a machine learning
algorithm.

The system and method generate synthetic training data
that may be utilized to train the machine learning algorithm.
The synthetic generated training data is based on original
training data that may have been manually generated. More-
over, the system and method are able to duplicate the
original training data, along with the annotations, and then
insert the duplicated training data into the original training
data, thus generating synthetic training data. The duplicated
training data may undergo one or more transformations
before insertion.

In one example, the original training data may be point
cloud information for training an object detection algorithm
for an autonomous vehicle system. The original training data
may include a number of different objects that may be
formed by one or more points of the point cloud information.
These objects may be annotated. The system and method can
copy these objects, along with their annotations, and then
reinsert them into the original training data. By so doing, the
training data will now include more objects. Furthermore,
before insertion is performed, the duplicated objects may be
transformed, such as rotated, inverted, and the like before
being inserted. As such, the training data can include not
only additional objects but objects that have been trans-
formed to better train the object detection algorithm,

Referring to FIG. 1, an example of a vehicle 100 is
illustrated. As used herein, a “vehicle” is any form of
powered transport. In one or more implementations, the
vehicle 100 is an automobile. While arrangements will be
described herein with respect to automobiles, it will be
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understood that embodiments are not limited to automobiles.
In some implementations, the vehicle 100 may be any
robotic device or form of powered transport that, for
example, includes one or more automated or autonomous
systems, and thus benefits from the functionality discussed
herein. In other examples, instead of a vehicle 100 or another
robotic device, the system may simply be an object detection
system that is able to receive information, such as point
cloud information from a LIDAR sensor, and determine the
presence of one or more objects in the information.

In various embodiments, the automated/autonomous sys-
tems or combination of systems may vary. For example, in
one aspect, the automated system is a system that provides
autonomous control of the vehicle according to one or more
levels of automation, such as the levels defined by the
Society of Automotive Engineers (SAE) (e.g., levels 0-5).
As such, the autonomous system may provide semi-autono-
mous control or fully autonomous control, as discussed in
relation to the autonomous driving module(s) 160.

The vehicle 100 also includes various elements. It will be
understood that in various embodiments it may not be
necessary for the vehicle 100 to have all of the elements
shown in FIG. 1. The vehicle 100 can have any combination
of the various elements shown in FIG. 1. Further, the vehicle
100 can have additional elements to those shown in FIG. 1.
In some arrangements, the vehicle 100 may be implemented
without one or more of the elements shown in FIG. 1. While
the various elements are shown as being located within the
vehicle 100 in FIG. 1, it will be understood that one or more
of these elements can be located external to the vehicle 100.
Further, the elements shown may be physically separated by
large distances and provided as remote services (e.g., cloud-
computing services).

Some of the possible elements of the vehicle 100 are
shown in FIG. 1 and will be described along with subsequent
figures. However, a description of many of the elements in
FIG. 1 will be provided after the discussion of FIGS. 2-8 for
purposes of brevity of this description. Additionally, it will
be appreciated that for simplicity and clarity of illustration,
where appropriate, reference numerals have been repeated
among the different figures to indicate corresponding or
analogous elements. In addition, the discussion outlines
numerous specific details to provide a thorough understand-
ing of the embodiments described herein. It should be
understood that the embodiments described herein may be
practiced using various combinations of these elements.

In either case, the vehicle 100 may include a synthetic
training data generation system 150. As will be explained in
this specification, the synthetic training data generation
system 150 has the ability to generate synthetic training data
by utilizing original training data, which may have been
manually generated. Moreover, the synthetic training data
generation system 150 is able to duplicate objects within the
original training data and then reinsert them into the original
data to generate synthetic training data. Additionally, before
insertion, the duplicated objects may be transformed, such as
being rotated, inverted, and the like. By so doing, additional
objects can be inserted into the training data without the
need of manually collecting and annotating information.

With reference to FIG. 2, one embodiment of the synthetic
training data generation system 150 is further illustrated. As
shown, the synthetic training data generation system 150
may include one or more processor(s) 110. Accordingly, the
processor(s) 110 may be a part of the synthetic training data
generation system 150 or the synthetic training data genera-
tion system 150 may access the processor(s) 110 through a
data bus or another communication path. In one or more
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embodiments, the processor(s) 110 is an application-specific
integrated circuit that is configured to implement functions
associated with a receiving module 171, a duplication mod-
ule 172, an insertion module 173, a transformation module
174, and/or a bird’s eye view generating module 175.

In general, the processor(s) 110 is an electronic processor
such as a microprocessor that is capable of performing
various functions as described herein. In one embodiment,
the synthetic training data generation system 150 includes a
memory 170 that stores the receiving module 171, the
duplication module 172, the insertion module 173, the
transformation module 174, and/or the bird’s eye view
generating module 175. The memory 170 is a random-access
memory (RAM), read-only memory (ROM), a hard disk
drive, a flash memory, or other suitable memory for storing
the modules 171-175. The modules 171-175 are, for
example, computer-readable instructions that, when
executed by the processor(s) 110, cause the processor(s) 110
to perform the various functions disclosed herein.

Furthermore, in one embodiment, the synthetic training
data generation system 150 includes one or more data
store(s) 180. The data store(s) 180 is, in one embodiment, an
electronic data structure such as a database that is stored in
the memory 170 or another memory and that is configured
with routines that can be executed by the processor(s) 110
for analyzing stored data, providing stored data, organizing
stored data, and so on. Thus, in one embodiment, the data
store(s) 180 stores data used or generated by the modules
171-175 in executing various functions.

In one embodiment, the data store(s) 180 may store
original training data 182 that may be in the form of one or
more three-dimensional point clouds. A three-dimensional
point cloud may be a set of data points in a three-dimen-
sional space. Three-dimensional point clouds are generally
produced by 3D scanners, such as LIDAR sensors, which
measure many points on the external surfaces of objects
around them. The original training data 182 may include one
or more original objects 183 formed within at least a portion
of the points of the one or more three-dimensional point
clouds of the original training data. Because this training
data may be utilized in supervised training, the original
objects 183 may be paired with annotations. The annotations
indicate that a collection of points represents an object. The
object may be annotated with a bounding box that may
include some other information, such as the type of object.
For example, the type of object may be a pedestrian, vehicle,
large vehicle, building, road, sign, etc. This original training
data 182 essentially acts as a ground truth for training one or
more machine learning algorithms.

As explained previously, the original training data 182 is
the original annotated training data that was manually anno-
tated, which can be a time-consuming and tedious process.
The data store(s) 180 may also include synthetic training
data 185. The synthetic training data 185 may be in the form
of one or more point clouds, similar to the original training
data 182, and may include several objects formed by at least
a portion of the points that make up the one or more point
clouds. Some of these objects may be the original objects
183 found in the original training data. However, in addition,
or in the alternative, the synthetic training data may also
include synthetic objects 187 that are paired with synthetic
annotations.

As will be explained later in this specification, the syn-
thetic objects 187 may be objects that have been duplicated
from the original objects 183 and inserted into the original
training data 182 so as to create the synthetic training data
185. In addition to duplication, the synthetic objects 187
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may also be transformed, for example, rotated, flipped,
inverted, and the like and then inserted into the one or more
point clouds that make up the synthetic training data 185. By
so doing, additional objects can be added into the training
data that are already annotated and did not require the
tedious process of manual annotation.

With regard to the receiving module 171, the receiving
module 171 may include instructions that, when executed by
the processor(s) 110, cause the processor(s) 110 to receive
the original training data 182. The original training data 182
may then be stored in the data store(s) 180. As stated before,
the original training data 182 may be in the form of a
three-dimensional point cloud and may have one or more
original objects 183 being annotated with original annota-
tion data.

For example, referring to FIG. 3, this figure illustrates a
scene 300 from a city street. The scene 300 includes numer-
ous objects, such as cars, vans, cyclists, and pedestrians. In
this example, a cyclist has been identified and annotated.
The annotation includes, in this example, a bounding box
301A that identifies the general location of the cyclist and an
object identifier information 301B that identifies that the
object is a cyclist. The scene 300 also includes other objects,
such as a van (annotated with the bounding box 303A and
the identifier 303B), an automobile (annotated with the
bounding box 304A and the identifier 304B), and a pedes-
trian (annotated with the bounding box 306A and the iden-
tifier 306B), as well as some other objects.

Generally, object detection systems, when receiving
three-dimensional point cloud data from a sensor, such as a
LIDAR sensor, may convert the three-dimensional point
cloud data to a two-dimensional bird’s eye view. For
example, FIG. 4 illustrates a two-dimensional bird’s-eye
view 400 of the scene 300 of FIG. 3. Like before, the
two-dimensional bird’s eye view 400 includes the van
(annotated with the bounding box 303A and the identifier
303B), the automobile (annotated with the bounding box
304 A and the identifier 304B), and the pedestrian (annotated
with the bounding box 306A and the identifier 306B), as
well as some other objects. In some cases, human operators
may add annotations to the training data, such as the
bounding boxes 301A-306A and the object identifiers 301B-
306B, by adding the annotations when viewing the scene
300 in the two-dimensional bird’s eye view 400. Generally,
this makes it easier for the human annotators to annotate the
objects located within the scene 300, as they have an
overhead view of the scene 300.

It should be understood that the type of annotations made
to the training data may vary from application to application.
In the above application, the training data was in the form of
one or more three-dimensional point clouds that include one
or more objects that are annotated with a bounding box and
an object identifier. However, more information, less infor-
mation, or other kinds of information may be utilized to
annotate objects found within the three-dimensional point
cloud data. Furthermore, the original training data 182 does
not necessarily need to be in the form of one or more
three-dimensional point clouds, but could be in other forms,
such as two-dimensional information or could be a multi-
dimensional data structure.

Referring back to FIG. 2, the duplication module 172 may
include instructions that, when executed by the processor(s)
110, cause the processor(s) 110 to duplicate one of the one
or more original objects 183 to generate a synthetic object
187. The synthetic object 187 is formed of duplicate portions
of the three-dimensional point cloud that formed one of the
one or more original objects 183 and being annotated with
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synthetic annotated data. The synthetic annotated data may
be a duplication of the original annotation data of the one or
more original objects 183.

The insertion module 173 may include instructions that,
when executed by the processor(s) 110, cause the
processor(s) 110 to insert the synthetic object 187 within the
original training data 182 to generate the synthetic training
data 185. In this example, the synthetic training data 185 is
shown as a separate entity from the original training data
182. However, it should be understood that the insertion
module 173 may cause the processor(s) 110 to simply insert
the synthetic object 187 into the original training data 182.
As such, the synthetic objects 187 of the synthetic training
data 185 may actually be inserted into the original training
data 182 instead of generating a secondary set of training
data in the form of the synthetic training data 185.

The synthetic training data generation system 150 may
also include a transformation module 174. The transforma-
tion module 174 includes instructions that, when executed
by the processor(s) 110, cause the processor(s) 110 to
transform the synthetic object 187 with respect to an ego
vehicle. Essentially, the transformation module 174 may
transform a synthetic object 187 before it is inserted into the
original training data 182 and/or the synthetic training data
185. In order to better understand this, reference is made to
FIG. 5. This figure illustrates training data 500, in the form
of a three-dimensional point cloud, surrounding an ego
vehicle 502. The training data 500, in this example, could be
viewed as the original training data 182.

In this example, the training data 500 includes two
original objects 183 A and 183B. The original object 183A is
formed by a portion of points 504A found in the three-
dimensional point cloud of the training data 500, while the
original object 183B is formed by a portion of points 504B
found in the three-dimensional point cloud of the training
data 500. In addition, the original objects 183A and 183B
have been further annotated with annotation data 506A and
506B, respectively. The annotation data 506 A and 506B may
be in the form of one or more boxes that identify the objects
and/or could include object identifying information, such as
the type of object, similar to what was mentioned in FIG. 4.

Referring to FIG. 6A, as previously described, the origi-
nal object 183B may be made up of the portion of the points
504B of the point cloud of the training data 500 and
annotated with the annotation data 506B. The duplication
module 172 causes the processor(s) 110 to duplicate the
original object 183B by duplicating the portion of the points
504B of the point cloud and the annotation data 506B. In one
example, this duplicated portion of the points 504B of the
point cloud and the annotation data 506B can then be
inserted into the training data 500 as a third object. However,
because this third object is a duplicate of an original object,
such as original object 183B, this third object is a synthetic
object. Thus, the training data 500, after insertion of the
duplicated object, could be considered as synthetic training
data, such as the synthetic training data 185.

In addition to duplicating original objects, such as the
original objects 183A and 183B, and inserting them into
training data, the transformation module 174 can also trans-
form the duplicated object before it is inserted into the
training data 500. For example, referring to FIG. 6B, a
synthetic object 187A is shown that is made up of points
604A and annotated with annotation data 606A. The syn-
thetic object 187A is essentially a duplicate of the original
object 183B but has been rotated approximately 200°. As
such, at least a portion of the points 504B of the original
object 183B have been duplicated as the points 604 A of the
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synthetic object 187A. Furthermore, annotation data 506B
of'the original object 183B have also been duplicated as well
as annotation data 606A. The major difference in this
example is that the transformation module 174 cause the
processor(s) 110 to rotate this object and the points 604A
that make up the synthetic object 187A. After this transfor-
mation has occurred, the synthetic object 187 A could then be
inserted into the training data 500

FIG. 6C illustrates another synthetic object 187B. The
synthetic object 187B is essentially a duplicate of the
original object 183B but has been inverted. As such, the
points 6048 that make up the synthetic object 187B have
been duplicated and inverted from the original object 183B.
The annotation data 606B is essentially a copy of the
annotation data 506B of the original object 183B. Like
before, after this transformation has occurred, the synthetic
object 187B could then be inserted into the training data 500

The insertion module 173 may cause the processor(s) 110
to insert one or more of these synthetic objects, such as the
synthetic objects 187A and/or the synthetic object 187B,
into the training data, which could be training data 500 in the
form of a three-dimensional point cloud. For example,
referring to FIG. 7, this figure illustrates the training data
500 in the form of the point cloud, but now includes
synthetic objects, such as synthetic objects 187C and/or
187D. The synthetic objects 187C and/or 187D may be
duplicates of one or more original objects from either an
original form of the training data 500 or another training data
set. In one example, the synthetic objects 187C and 187D are
duplicates of the original object 183B that have been rotated,
inverted, flipped, and the like and inserted into the training
data 500, essentially creating synthetic training data, such as
the synthetic training data 185 stored on the data store(s)
180.

Generally, the insertion module 173 A causes the proces-
sor(s) 110 to insert the synthetic objects, such as 187C
and/or 187D with respect to the ego vehicle 502. As such,
the points 704 A that form the synthetic object 187C and the
points 704B that form the synthetic object 187D should be
such that edges defined by the points 704 A (illustrated as
edges 708A and 710A), and the points 704B (illustrated as
edges 708B and 710B) should generally face towards the
ego vehicle 502.

Moreover, the ego vehicle 502 should generally be
viewed as the center of the point cloud of the training data
500. As such, the sensors of the ego vehicle 502, which may
be LIDAR sensors, should be able to detect the edges of
nearby objects. As such, the edges should substantially face
the ego vehicle 502. As such, when inserting the synthetic
objects 187C and/or 187D, the insertion module 173 causes
the processor(s) 110 to detect the edges and, when inserting
the synthetic objects 187C and/or 187D into the training data
500, do so in such a way that the edges 708A and 710A of
the synthetic object 187C and the edges 708B and 710B of
the synthetic object 187D generally face the ego vehicle 502
to make for more realistic synthetic images. As such, the
transformation module 174 may need to rotate, invert, or
otherwise transform the synthetic objects 187C and/or 187D
such that the edges 708A and 710A of the synthetic object
187C and the edges 708B and 710B of the synthetic object
187D generally face towards the ego vehicle 502.

In addition, the transformation module 174 may cause the
processor(s) 110 to reduce the number of points that form the
synthetic object based on the distance of the synthetic object
with relation to the ego vehicle 502. For example, as the
synthetic object is placed further and further away from the
ego vehicle 502, the transformation module 174 may cause
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the processor(s) 110 to reduce the number of points forming
the synthetic object. The reasoning for this reduction in the
number of points forming the synthetic object is based on
real-world data, which has shown that objects detected in the
real world by LIDAR sensors typically see a reduction in the
points that form the objects as the distance from the ego
vehicle 502 increases. As such, the transformation module
174 can cause the processor(s) 110 to perform a transfor-
mation of the duplicated data to reduce the number of points
S0 as to represent an object more realistically.

Returning to FIG. 2, the bird’s eye view generating
module 175 may include instructions that, when executed by
the processor(s) 110, cause the processor(s) 110 to generate
a bird’s eye view of the training data 182 such as illustrated
in FIG. 7 as the training data 500. As synthetic objects, such
as synthetic objects 187C and/or 187D, are added to the
bird’s eye view version of the training data 500, the trans-
formation module 174 updates the synthetic training data to
include the transformation of the synthetic object as they are
inserted into the training data. The insertion module can then
cause the processor(s) 110 to insert the synthetic object
within the bird’s eye view version of the training, and update
the training data to include the synthetic object as inserted
within the bird’s eye view.

By duplicating already annotated portions of training
data, such as objects in the three-dimensional point cloud,
and then reinserting them into training data, additional
objects that have already been annotated and did not require
manual annotation, which may be time-consuming and
tedious, can be quickly and easily added to training data to
make for more complex training data for more complete
training of machine learning algorithms, such as object
detection algorithms in this particular example.

Referring to FIG. 8, a method 800 for generating synthetic
training data is shown. The method 800 will be described
from the viewpoint of the vehicle 100 of FIG. 1 and the
synthetic training data generation system 150 of FIG. 2.
However, it should be understood that this is just one
example of implementing the method 800. While the method
800 is discussed in combination with the synthetic training
data generation system 150, it should be appreciated that the
method 800 is not limited to being implemented within the
synthetic training data generation system 150, but is instead
one example of a system that may implement the method
800.

In step 802, the receiving module 171 causes the proces-
sor(s) 110 to receive the original training data 182. The
original training data 182 may be in the form of a three-
dimensional point cloud and having one or more original
objects 183 formed by at least a portion of the three-
dimensional point cloud. The one or more original objects
183 may be annotated with original annotation data.

In step 804, the duplication module 172 causes the
processor(s) 110 to duplicate one of the one or more original
objects 183 to generate a synthetic object 187. The synthetic
object 187 may be formed of duplicate portions of the
three-dimensional point cloud that formed one of the one or
more original objects 183 and may be annotated with
synthetic annotated data. The synthetic annotated data may
be a duplication of the original annotation data of the one or
more original objects.

In step 806, the transformation module 174 may cause the
processor(s) 110 to insert the synthetic object 187 within the
original training data 182 to generate the synthetic training
data 185. Moreover, the transformation module 174 can
transform the duplicated object before it is inserted into the
training data. For example, referring to FIG. 6B, a synthetic
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object 187A is shown that is made up of points 604A and
annotated with annotation data 606B. The synthetic object
187A is essentially a duplicate of the original object 183A
but has been rotated approximately 200°. As such, at least a
portion of the points 504A of the original object 183B have
been duplicated as the points 604A of the synthetic object
187A. Furthermore, annotation data 506A of the original
object 183 A have also been duplicated as well as annotation
data 606B. The major difference in this example is that the
transformation module 174 cause the processor(s) 110 to
rotate this object in the points 604A that make up the
synthetic object 187A. In step 808, the insertion module 173
causes the processor(s) 110 to insert the synthetic object 187
within the original training data 182 to generate the synthetic
training data 185.

FIG. 1 will now be discussed in full detail as an example
environment within which the system and methods dis-
closed herein may operate. In one or more embodiments, the
vehicle 100 is an autonomous vehicle, but could also be a
nonautonomous or semi-autonomous vehicle. As used
herein, “autonomous vehicle” refers to a vehicle that oper-
ates in an autonomous mode. “Autonomous mode” refers to
navigating and/or maneuvering the vehicle 100 along a
travel route using one or more computing systems to control
the vehicle 100 with minimal or no input from a human
driver. In one or more embodiments, the vehicle 100 is
highly automated or completely automated. In one embodi-
ment, the vehicle 100 is configured with one or more
semi-autonomous operational modes in which one or more
computing systems perform a portion of the navigation
and/or maneuvering of the vehicle 100 along a travel route,
and a vehicle operator (i.e., driver) provides inputs to the
vehicle to perform a portion of the navigation and/or maneu-
vering of the vehicle 100 along a travel route. Such semi-
autonomous operation can include supervisory control as
implemented by the synthetic training data generation sys-
tem 150 to ensure the vehicle 100 remains within defined
state constraints.

The vehicle 100 can include the processor(s) 110. In one
or more arrangements, the processor(s) 110 can be a main
processor of the vehicle 100. For instance, the processor(s)
110 can be an electronic control unit (ECU). The vehicle 100
can include the sensor system 120. The sensor system 120
can include one or more sensors. “Sensor” means any
device, component, and/or system that can detect, and/or
sense something. The one or more sensors can be configured
to detect, and/or sense in real-time. As used herein, the term
“real-time” means a level of processing responsiveness that
a user or system senses as sufficiently immediate for a
particular process or determination to be made, or that
enables the processor to keep up with some external process.

In arrangements in which the sensor system 120 includes
a plurality of sensors, the sensors can work independently
from each other. Alternatively, two or more of the sensors
can work in combination with each other. In such a case, the
two or more sensors can form a sensor network. The sensor
system 120 and/or the one or more sensors can be opera-
tively connected to the processor(s) 110 and/or another
element of the vehicle 100 (including any of the elements
shown in FIG. 1). The sensor system 120 can acquire data
of at least a portion of the external environment of the
vehicle 100.

The sensor system 120 can include any suitable type of
sensor. Various examples of different types of sensors will be
described herein. The sensor system 120 can include one or
more environment sensors configured to acquire, and/or
sense driving environment data. “Driving environment data”
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includes data or information about the external environment
in which an autonomous vehicle is located or one or more
portions thereof. For example, the one or more environment
sensors can be configured to detect, quantify and/or sense
obstacles in at least a portion of the external environment of
the wvehicle 100 and/or information/data about such
obstacles. Such obstacles may be stationary objects and/or
dynamic objects. The one or more environment sensors can
be configured to detect, measure, quantify and/or sense other
things in the external environment of the vehicle 100, such
as, for example, lane markers, signs, traffic lights, traffic
signs, lane lines, crosswalks, curbs proximate the vehicle
100, off-road objects, etc.

Various examples of sensors of the sensor system 120 will
be described herein. However, it will be understood that the
embodiments are not limited to the particular sensors
described. As an example, in one or more arrangements, the
sensor system 120 can include one or more LIDAR sensors
121, one or more radar sensors 122, one or more sonar
sensors 123, and/or one or more camera sensors 124. In one
or more arrangements, the one or more cameras sensors 124
can be high dynamic range (HDR) cameras or infrared (IR)
cameras.

The vehicle 100 can include an input system 140. An
“input system” includes any device, component, system,
element, or arrangement or groups thereof that enable infor-
mation/data to be entered into a machine. The input system
140 can receive an input from a vehicle passenger (e.g., a
driver or a passenger). The vehicle 100 can include an output
system 142. An “output system” includes any device, com-
ponent, or arrangement or groups thereof that enable infor-
mation/data to be presented to a vehicle passenger (e.g., a
person, a vehicle passenger, etc.).

The vehicle 100 can include one or more vehicle control
system(s) 130. Various examples of the vehicle control
system(s) 130 are shown in FIG. 1. However, the vehicle
100 can include more, fewer, or different vehicle systems. It
should be appreciated that although particular vehicle sys-
tems are separately defined, each or any of the systems or
portions thereof may be otherwise combined or segregated
via hardware and/or software within the vehicle 100. The
vehicle 100 can include a steering control 131 for control-
ling the steering of the vehicle 100, a throttle control 132 for
controlling the throttle of the vehicle 100, a braking control
133 for controlling the braking of the vehicle 100, and/or a
transmission control 134 for controlling the transmission
and/or other powertrain components of the vehicle 100.
Each of these systems can include one or more devices,
components, and/or a combination thereof, now known or
later developed.

The vehicle 100 can include one or more modules, at least
some of which are described herein. The modules can be
implemented as computer-readable program code that, when
executed by a processor(s) 110, implement one or more of
the various processes described herein. One or more of the
modules can be a component of the processor(s) 110, or one
or more of the modules can be executed on and/or distrib-
uted among other processing systems to which the
processor(s) 110 is operatively connected. The modules can
include instructions (e.g., program logic) executable by one
or more processor(s) 110.

In one or more arrangements, one or more of the modules
described herein can include artificial or computational
intelligence elements, e.g., neural network, fuzzy logic, or
other machine learning algorithms. Further, in one or more
arrangements, one or more of the modules can be distributed
among a plurality of the modules described herein. In one or
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more arrangements, two or more of the modules described
herein can be combined into a single module.

The vehicle 100 can include one or more autonomous
driving module(s) 160. The autonomous driving module(s)
160 can be configured to receive data from the sensor system
120 and/or any other type of system capable of capturing
information relating to the vehicle 100 and/or the external
environment of the vehicle 100. In one or more arrange-
ments, the autonomous driving module(s) 160 can use such
data to generate one or more driving scene models. The
autonomous driving module(s) 160 can determine the posi-
tion and velocity of the vehicle 100. The autonomous
driving module(s) 160 can determine the location of
obstacles, obstacles, or other environmental features, includ-
ing traffic signs, trees, shrubs, neighboring vehicles, pedes-
trians, etc.

The autonomous driving module(s) 160 can be configured
to receive, and/or determine location information for
obstacles within the external environment of the vehicle 100
for use by the processor(s) 110, and/or one or more of the
modules described herein to estimate position and orienta-
tion of the vehicle 100, vehicle position in global coordi-
nates based on signals from a plurality of satellites, or any
other data and/or signals that could be used to determine the
current state of the vehicle 100 or determine the position of
the vehicle 100 with respect to its environment for use in
either creating a map or determining the position of the
vehicle 100 in respect to map data.

The autonomous driving module(s) 160 can be configured
to determine travel path(s), current autonomous driving
maneuvers for the vehicle 100, future autonomous driving
maneuvers and/or modifications to current autonomous driv-
ing maneuvers based on data acquired by the sensor system
120, driving scene models, and/or data from any other
suitable source. “Driving maneuver” means one or more
actions that affect the movement of a vehicle. Examples of
driving maneuvers include accelerating, decelerating, brak-
ing, turning, moving in a lateral direction of the vehicle 100,
changing travel lanes, merging into a travel lane, and/or
reversing, just to name a few possibilities. The autonomous
driving module(s) 160 can be configured to implement
determined driving maneuvers. The autonomous driving
module(s) 160 can cause, directly or indirectly, such autono-
mous driving maneuvers to be implemented. As used herein,
“cause” or “causing” means to make, command, instruct,
and/or enable an event or action to occur or at least be in a
state where such event or action may occur, either in a direct
or indirect manner. The autonomous driving module(s) 160
can be configured to execute various vehicle functions
and/or to transmit data to, receive data from, interact with,
and/or control the vehicle 100 or one or more systems
thereof (e.g., one or more of vehicle control system(s) 130.

Detailed embodiments are disclosed herein. However, it is
to be understood that the disclosed embodiments are
intended only as examples. Therefore, specific structural and
functional details disclosed herein are not to be interpreted
as limiting, but merely as a basis for the claims and as a
representative basis for teaching one skilled in the art to
variously employ the aspects herein in virtually any appro-
priately detailed structure. Further, the terms and phrases
used herein are not intended to be limiting but rather to
provide an understandable description of possible imple-
mentations. Various embodiments are shown in FIGS. 1-8,
but the embodiments are not limited to the illustrated
structure or application.

The flowcharts and block diagrams in the figures illustrate
the architecture, functionality, and operation of possible
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implementations of systems, methods, and computer pro-
gram products according to various embodiments. In this
regard, each block in the flowcharts or block diagrams may
represent a module, segment, or portion of code, which
comprises one or more executable instructions for imple-
menting the specified logical function(s). It should also be
noted that, in some alternative implementations, the func-
tions noted in the block may occur out of the order noted in
the figures. For example, two blocks shown in succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality involved.

The systems, components and/or processes described
above can be realized in hardware or a combination of
hardware and software and can be realized in a centralized
fashion in one processing system or in a distributed fashion
where different elements are spread across several intercon-
nected processing systems. Any kind of processing system
or another apparatus adapted for carrying out the methods
described herein is suited. A typical combination of hard-
ware and software can be a processing system with com-
puter-usable program code that, when being loaded and
executed, controls the processing system such that it carries
out the methods described herein. The systems, components
and/or processes also can be embedded in a computer-
readable storage, such as a computer program product or
other data programs storage device, readable by a machine,
tangibly embodying a program of instructions executable by
the machine to perform methods and processes described
herein. These elements also can be embedded in an appli-
cation product which comprises all the features enabling the
implementation of the methods described herein and, which
when loaded in a processing system, is able to carry out
these methods.

Furthermore, arrangements described herein may take the
form of a computer program product embodied in one or
more computer-readable media having computer-readable
program code embodied, e.g., stored, thereon. Any combi-
nation of one or more computer-readable media may be
utilized. The computer-readable medium may be a com-
puter-readable signal medium or a computer-readable stor-
age medium. The phrase “computer-readable storage
medium” means a non-transitory storage medium. A com-
puter-readable storage medium may be, for example, but not
limited to, an electronic, magnetic, optical, electromagnetic,
infrared, or semiconductor system, apparatus, or device, or
any suitable combination of the foregoing. More specific
examples (a non-exhaustive list) of the computer-readable
storage medium would include the following: a portable
computer diskette, a hard disk drive (HDD), a solid-state
drive (SSD), a read-only memory (ROM), an erasable
programmable read-only memory (EPROM or Flash
memory), a portable compact disc read-only memory (CD-
ROM), a digital versatile disc (DVD), an optical storage
device, a magnetic storage device, or any suitable combi-
nation of the foregoing. In the context of this document, a
computer-readable storage medium may be any tangible
medium that can contain or store a program for use by or in
connection with an instruction execution system, apparatus,
or device.

Generally, module, as used herein, includes routines,
programs, objects, components, data structures, and so on
that perform particular tasks or implement particular data
types. In further aspects, a memory generally stores the
noted modules. The memory associated with a module may
be a buffer or cache embedded within a processor, a RAM,
a ROM, a flash memory, or another suitable electronic
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storage medium. In still further aspects, a module as envi-
sioned by the present disclosure is implemented as an
application-specific integrated circuit (ASIC), a hardware
component of a system on a chip (SoC), as a programmable
logic array (PLA), or as another suitable hardware compo-
nent that is embedded with a defined configuration set (e.g.,
instructions) for performing the disclosed functions.

Program code embodied on a computer-readable medium
may be transmitted using any appropriate medium, includ-
ing but not limited to wireless, wireline, optical fiber, cable,
RF, etc., or any suitable combination of the foregoing.
Computer program code for carrying out operations for
aspects of the present arrangements may be written in any
combination of one or more programming languages,
including an object-oriented programming language such as
Java™, Smalltalk, C++ or the like and conventional proce-
dural programming languages, such as the “C” program-
ming language or similar programming languages. The
program code may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer, or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider).

The terms “a” and “an,” as used herein, are defined as one
or more than one. The term “plurality,” as used herein, is
defined as two or more than two. The term “another,” as used
herein, is defined as at least a second or more. The terms
“including” and/or “having,” as used herein, are defined as
comprising (i e., open language). The phrase “at least one of

..and . ..” as used herein refers to and encompasses any
and all p0551b1e combinations of one or more of the asso-
ciated listed items. As an example, the phrase “at least one
of A, B, and C” includes A only, B only, C only, or any
combination thereof (e.g., AB, AC, BC, or ABC).

Aspects herein can be embodied in other forms without
departing from the spirit or essential attributes thereof.
Accordingly, reference should be made to the following
claims, rather than to the foregoing specification, as indi-
cating the scope hereof.

What is claimed is:

1. A system for generating synthetic training data, the
system comprising:

one or processors; and

a memory in communication with the one or more pro-

cessors, the memory having:

a receiving module, the receiving module having
instructions that, when executed by the one or more
processors, cause the one or more processors to
receive original training data, the original training
data being in the form of a three-dimensional point
cloud generated by a sensor and having one or more
original objects formed by at least a portion of the
three-dimensional point cloud generated by the sen-
sor, the one or more original objects being annotated
with original annotation data,

a duplication module, the duplication module having
instructions that, when executed by the one or more
processors, cause the one or more processors to
duplicate one of the one or more original objects to
generate a synthetic object, the synthetic object
being formed of duplicate portions of the three-
dimensional point cloud generated by the sensor that
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formed the one of the one or more original objects
and being annotated with synthetic annotated data,
the synthetic annotated data being a duplication of
the original annotation data of the one or more
original objects, and

an insertion module, the insertion module having
instructions that, when executed by the one or more
processors, cause the one or more processors to
insert the synthetic object within the original training
data to generate the synthetic training data.

2. The system of claim 1, wherein the memory further
comprises a transformation module, the transformation
module having instructions that, when executed by the one
or more processors, cause the one or more processors to
transform the synthetic object with respect to an ego vehicle.

3. The system of claim 2, wherein the transformation
module further comprises instructions that, when executed
by the one or more processors, cause the one or more
processors to reduce a number of points forming the syn-
thetic object based on a distance between the synthetic
object and the ego vehicle in the synthetic training data.

4. The system of claim 2, wherein the transformation
module further comprises instructions that, when executed
by the one or more processors, cause the one or more
processors to:

identify one or more outer edges of the synthetic object;

and

rotate the synthetic object such that the one or more outer

edges of the synthetic object face the ego vehicle.

5. The system of claim 1, wherein the original annotated
data includes a bounding box and an object identifier.

6. The system of claim 1, wherein:

the memory further comprises a bird’s eye view gener-

ating module, having instructions that, when executed
by the one or more processors, cause the one or more
processors to generate a bird’s eye view of the original
training data; and

wherein the insertion module further comprises instruc-

tions that, when executed by the one or more proces-
sors, cause the one or more processors to insert the
synthetic object within the bird’s eye view, and update
the synthetic training data to include the synthetic
object as inserted within the bird’s eye view.

7. The system of claim 1, wherein:

the memory further comprises a bird’s eye view gener-

ating module, having instructions that, when executed
by the one or more processors, cause the one or more
processors to generate a bird’s eye view of the original
training data;

wherein the insertion module further comprises instruc-

tions that, when executed by the one or more proces-
sors, cause the one or more processors to insert the
synthetic object within the bird’s eye view;

wherein the memory further comprises a transformation

module, the transformation module having instructions
that, when executed by the one or more processors,
cause the one or more processors to transform the
synthetic object with respect to an ego vehicle within
the bird’s eye view to generate a transformation of the
synthetic object; and

wherein the insertion module further comprises instruc-

tions that, when executed by the one or more proces-
sors, cause the one or more processors to update the
synthetic training data to include the transformation of
the synthetic object as inserted and transformed within
the bird’s eye view.
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8. A method for generating synthetic training data, the
method comprising the steps of:

receiving original training data, the original training data

being in the form of a three-dimensional point cloud
generated by a sensor and having one or more original
objects formed by at least a portion of the three-
dimensional point cloud generated by the sensor, the
one or more original objects being annotated with
original annotation data;

duplicating the one or more original objects to generate a

synthetic object, the synthetic object being formed of
duplicate portions of the three-dimensional point cloud
generated by the sensor that formed the one of the one
or more original objects and being annotated with
synthetic annotated data, the synthetic annotated data
being a duplication of the original annotation data of
the one or more original objects; and

inserting the synthetic object within the original training

data to generate the synthetic training data.

9. The method of claim 8, further comprising the step of
transforming the synthetic object with respect to an ego
vehicle.

10. The method of claim 9, wherein the step of trans-
forming the synthetic object further comprises the step of
reducing a number of points forming the synthetic object
based on a distance between the synthetic object and the ego
vehicle in the synthetic training data.

11. The method of claim 9, wherein the step of transform-
ing the synthetic object further comprises the steps of:

identifying one or more outer edges of the synthetic

object; and

rotating the synthetic object such that the one or more

outer edges of the synthetic object face the ego vehicle.

12. The method of claim 8, wherein the original annotated
data includes a bounding box and an object identifier.

13. The method of claim 8, further comprising the steps
of:

generating a bird’s eye view of the original training data;

inserting the synthetic object within the bird’s eye view;

and

updating the synthetic training data to include the syn-

thetic object as inserted within the bird’s eye view.

14. The method of claim 8, further comprising the steps
of:

generating a bird’s eye view of the original training data;

inserting the synthetic object within the bird’s eye view;

transforming the synthetic object with respect to an ego
vehicle within the bird’s eye view; and

updating the synthetic training data to include the trans-

formation of the synthetic object as inserted and trans-
formed within the bird’s eye view.

15. A non-transitory computer-readable medium storing
instructions for generating synthetic training data that, when
executed by one or more processors, cause the one or more
processors to:

receive original training data, the original training data

being in the form of a three-dimensional point cloud
generated by a sensor and having one or more original
objects formed by at least a portion of the three-
dimensional point cloud generated by the sensor, the
one or more original objects being annotated with
original annotation data;

duplicate one of the one or more original objects to

generate a synthetic object, the synthetic object being
formed of duplicate portions of the three-dimensional
point cloud generated by the sensor that formed the one
of the one or more original objects and being annotated



US 11,599,745 B2

17

with synthetic annotated data, the synthetic annotated
data being a duplication of the original annotation data
of the one or more original objects; and

insert the synthetic object within the original training data

to generate the synthetic training data.

16. The non-transitory computer-readable medium of
claim 15, further comprising the step of transforming the
synthetic object with respect to an ego vehicle.

17. The non-transitory computer-readable medium of
claim 16, further comprising instructions that, when
executed by one or more processors, cause the one or more
processors to reduce a number of points forming the syn-
thetic object based on a distance between the synthetic
object and the ego vehicle in the synthetic training data.

18. The non-transitory computer-readable medium of
claim 16, further comprising instructions that, when
executed by one or more processors, cause the one or more
processors to:

identify one or more outer edges of the synthetic object;

and

rotate the synthetic object such that the one or more outer

edges of the synthetic object face the ego vehicle.
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19. The non-transitory computer-readable medium of
claim 15, further comprising instructions that, when
executed by one or more processors, cause the one or more
processors to:

generate a bird’s eye view of the original training data;

insert the synthetic object within the bird’s eye view; and

update the synthetic training data to include the synthetic
object as inserted within the bird’s eye view.

20. The non-transitory computer-readable medium of
claim 15, further comprising instructions that, when
executed by one or more processors, cause the one or more
processors to:

generate a bird’s eye view of the original training data;

insert the synthetic object within the bird’s eye view;

transform the synthetic object with respect to an ego
vehicle within the bird’s eye view; and

update the synthetic training data to include a transfor-

mation of the synthetic object as inserted and trans-
formed within the bird’s eye view.
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